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Description
CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of U.S. Pro-
visional Patent Application Serial No. 63/264,409 filed
November 22, 2021, entitled TRAINING SYSTEM AND
METHOD (Attorney Docket No. AA649), which is incor-
porated herein by reference in its entirety.

BACKGROUND

[0002] This disclosure relates generally to computer
vision. More specifically, this disclosure pertains to
techniques for training machine learning engines resi-
dent on autonomous vehicles.

[0003] Machine learning engines generally require
training in order to improve their classification capabil-
ities. Training typically involves running large datasets
through a machine learning engine, thereby enabling
the machine learning engine to learn. For example, by
passing a sufficiently large number of images of cats
through a machine learning engine, the machine learn-
ing engine can be trained to recognize an image of a
cat among other images. The number of images of cats
must be of substantial size. For this reason as well as
others, it is desirable to improve the efficiency of train-
ing models for machine learning engines.

[0004] The above-described background is merely
intended to provide a contextual overview of some cur-
rent issues, and is not intended to be exhaustive.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] Non-limiting and non-exhaustive aspects of
the subject disclosure are described with reference to
the following figures, wherein like reference numerals
refer to like parts throughout the various views unless
otherwise specified.

FIG. 1 is a high level block diagram of an autono-
mous vehicle in accordance with various aspects
of the subject disclosure;

FIG. 2 is a schematic block diagram of the compo-
nents of an implementation of the system of the
present teachings;

FIG. 3 is a pictorial representation of exemplary
image cropping of the present teachings;

FIGs. 4A-4C is a pictorial representation of an ex-
ample of a ground truth image;

FIG. 5 is a depiction of layers of probabilities for
various features of the representation of FIGs.
4A-4C; and

FIG. 6 is a flow chart depicting flow and actions in
accordance with various aspects of the subject dis-
closure.
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DETAILED DESCRIPTION

[0006] In the following description, numerous specific
details are set forth to provide a thorough understand-
ing of various aspects and arrangements. One skilled in
the relevant art will recognize, however, that the techni-
ques described herein can be practiced without one or
more of the specific details, or with other methods,
components, materials, etc. In other instances, well
known structures, materials, or operations may not be
shown or described in detail to avoid obscuring certain
aspects.

[0007] Reference throughout this specification to "an
aspect," "an arrangement," or "a configuration" indi-
cates that a particular feature, structure, or characteris-
tic is described. Thus, appearances of phrases such as
"in one aspect," "in one arrangement," "in a configura-
tion," or the like in various places throughout this speci-
fication do not necessarily each refer to the same as-
pect, feature, configuration, or arrangement. Further-
more, the particular features, structures, and/or charac-
teristics described may be combined in any suitable
manner.

[0008] To the extent used in the present disclosure
and claims, the terms "component," "system," "plat-
form," "layer," "selector," "interface," and the like are
intended to refer to a computer-related entity or an en-
tity related to an operational apparatus with one or
more specific functionalities, wherein the entity may be
either hardware, a combination of hardware and soft-
ware, software, or software in execution. As an exam-
ple, a component may be, but is not limited to being, a
process running on a processor, a processor, an object,
an executable, a thread of execution, a program, and/or
a computer. By way of illustration and not limitation,
both an application running on a server and the server
itself can be a component. One or more components
may reside within a process and/or thread of execution
and a component may be localized on one computer
and/or distributed between two or more computers. In
addition, components may execute from various com-
puter-readable media, device-readable storage de-
vices, or machine-readable media having various data
structures stored thereon. The components may com-
municate via local and/or remote processes such as in
accordance with a signal having one or more data
packets (e.g., data from one component interacting
with another component in a local system, a distributed
system, and/or across a network such as the Internet
with other systems via the signal). As another example,
a component can be an apparatus with specific func-
tionality provided by mechanical parts operated by
electric or electronic circuitry, which may be operated
by a software or firmware application executed by a
processor, wherein the processor can be internal or ex-
ternal to the apparatus and executes at least a part of
the software or firmware application. As yet another
example, a component can be an apparatus that pro-
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vides specific functionality through electronic compo-
nents without mechanical parts; the electronic compo-
nents can include a processor therein to execute soft-
ware or firmware that confers at least in part the func-
tionality of the electronic components.

[0009] To the extent used in the subject specification,
terms such as "store," "storage," "data store," data sto-
rage," "database," and the like refer to memory compo-
nents, entities embodied in a memory, or components
comprising a memory. It will be appreciated that the
memory components described herein can be either
volatile memory or nonvolatile memory, or can include
both volatile and nonvolatile memory.

[0010] In addition, the term "or" is intended to mean
an inclusive "or" rather than an exclusive "or." That is,
unless specified otherwise, or clear from context, "X
employs A or B" is intended to mean any of the natural
inclusive permutations. That is, if X employs A, X em-
ploys B, or X employs both A and B, then "X employs A
or B" is satisfied under any of the foregoing instances.
Moreover, articles "a" and "an" as used in the subject
disclosure and claims should generally be construed to
mean "one or more" unless specified otherwise or clear
from context to be directed to a singular form.

[0011] The words "exemplary" and/or "demonstra-
tive," to the extent used herein, mean serving as an
example, instance, or illustration. For the avoidance of
doubt, the subject matter disclosed herein is not limited
by disclosed examples. In addition, any aspect or de-
sign described herein as "exemplary" and/or "demon-
strative" is not necessarily to be construed as preferred
or advantageous over other aspects or designs, nor is it
meant to preclude equivalent exemplary structures and
techniques known to those of ordinary skill in the art.
Furthermore, to the extent that the terms "includes,"
"has," "contains," and other similar words are used in
either the detailed description or the claims, such terms
are intended to be inclusive, in a manner similar to the
term "comprising" as an open transition word, without
precluding any additional or other elements.

[0012] As used herein, the term "infer" or "inference"
refers generally to the process of reasoning about, or
inferring states of, the system, environment, user, an-
d/or intent from a set of observations as captured via
events and/or data. Captured data and events can in-
clude user data, device data, environment data, data
from sensors, application data, implicit data, explicit
data, etc. Inference can be employed to identify a spe-
cific context or action or can generate a probability dis-
tribution over states of interest based on a considera-
tion of data and events, for example.

[0013] The disclosed subject matter can be imple-
mented as a method, apparatus, or article of manufac-
ture using standard programming and/or engineering
techniques to produce software, firmware, hardware,
or any combination thereof to control a computer to
implement the disclosed subject matter. The term "arti-
cle of manufacture,” to the extent used herein, is in-
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tended to encompass a computer program accessible
from any computer-readable device, machine-readable
device, computer-readable carrier, computer-readable
media, or machine-readable media. For example, com-
puter-readable media can include, but are not limited
to, a magnetic storage device, e.g., hard disk; floppy
disk; magnetic strip(s); an optical disk (e.g., compact
disk (CD), digital video disc (DVD), Blu-ray Disc™
(BD)); a smart card; a flash memory device (e.g., card,
stick, key drive); a virtual device that emulates a sto-
rage device; and/or any combination of the above com-
puter-readable media.

[0014] Generally, program modules include routines,
programs, components, data structures, etc., that per-
form particular tasks or implement particular abstract
data types. The illustrated embodiments of the subject
disclosure may be practiced in distributed computing
environments where certain tasks are performed by re-
mote processing devices that are linked through a com-
munications network. In a distributed computing envir-
onment, program modules can be located in both local
and remote memory storage devices.

[0015] Computing devices can include at least com-
puter-readable storage media, machine-readable sto-
rage media, and/or communications media. Computer-
readable storage media or machine-readable storage
media can be any available storage media that can be
accessed by the computer and includes both volatile
and nonvolatile media, removable and non-removable
media. By way of example, and not limitation, compu-
ter-readable storage media or machine-readable sto-
rage media can be implemented in connection with
any method or technology for storage of information
such as computer-readable or machine-readable in-
structions, program modules, structured data or un-
structured data.

[0016] Computer-readable storage media can in-
clude, but are not limited to, random access memory
(RAM), read only memory (ROM), electrically erasable
programmable read only memory (EEPROM), flash
memory or other memory technology, compact disk
read only memory (CD-ROM), digital versatile disk
(DVD), Blu-ray disc (BD) or other optical disk storage,
magnetic cassettes, magnetic tape, magnetic disk sto-
rage or other magnetic storage devices, solid state
drives or other solid state storage devices, or other
tangible and/or non-transitory media that can be used
to store desired information. In this regard, the terms
"tangible" or "non-transitory" herein as applied to sto-
rage, memory, or computer-readable media, are to be
understood to exclude only propagating transitory sig-
nals per se as modifiers, and do not exclude any stan-
dard storage, memory or computer-readable media that
are more than only propagating transitory signals per
se.

[0017] Computer-readable storage media can be ac-
cessed by one or more local or remote computing de-
vices, e.g., via access requests, queries, or other data
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retrieval protocols, for a variety of operations with re-
spect to the information stored by the medium.

[0018] A system bus, as may be used herein, can be
any of several types of bus structure that can further
interconnect to a memory bus (with or without a mem-
ory controller), a peripheral bus, and a local bus using
any of a variety of commercially available bus architec-
tures. A database, as may be used herein, can include
basic input/output system (BIOS) that can be stored in
a non-volatile memory such as ROM, EPROM, or EE-
PROM, with BIOS containing the basic routines that
help to transfer information between elements within a
computer, such as during startup. RAM can also in-
clude a high-speed RAM such as static RAM for cach-
ing data.

[0019] As used herein, a computer can operate in a
networked environment using logical connections via
wired and/or wireless communications to one or more
remote computers. The remote computer(s) can be a
workstation, server, router, personal computer, portable
computer, microprocessor-based entertainment appli-
ance, peer device, or other common network node. Lo-
gical connections depicted herein may include wired/-
wireless connectivity to a local area network (LAN) an-
d/or larger networks, e.g., a wide area network (WAN).
Such LAN and WAN networking environments are
commonplace in offices and companies, and facilitate
enterprise-wide computer networks, such as intranets,
any of which can connect to a global communications
network, e.g., the Internet.

[0020] When used in a LAN networking environment,
a computer can be connected to the LAN through a
wired and/or wireless communication network interface
or adapter. The adapter can facilitate wired or wireless
communication to the LAN, which can also include a
wireless access point (AP) disposed thereon for com-
municating with the adapter in a wireless mode.

[0021] When used in a WAN networking environ-
ment, a computer can include a modem or can be con-
nected to a communications server on the WAN via
other means for establishing communications over the
WAN, such as by way of the Internet. The modem,
which can be internal or external, and a wired or wire-
less device, can be connected to a system bus via an
input device interface. In a networked environment,
program modules depicted herein relative to a compu-
ter or portions thereof can be stored in a remote mem-
ory/storage device.

[0022] When used in either a LAN or WAN network-
ing environment, a computer can access cloud storage
systems or other network-based storage systems in
addition to, or in place of, external storage devices.
Generally, a connection between a computer and a
cloud storage system can be established over a LAN
or a WAN, e.g., via an adapter or a modem, respec-
tively. Upon connecting a computer to an associated
cloud storage system, an external storage interface
can, with the aid of the adapter and/or modem, manage
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storage provided by the cloud storage system as it
would other types of external storage. For instance,
the external storage interface can be configured to pro-
vide access to cloud storage sources as if those
sources were physically connected to the computer.
[0023] As employed in the subject specification, the
term "processor" can refer to substantially any comput-
ing processing unit or device comprising, but not limited
to comprising, single-core processors; single-core pro-
cessors with software multithread execution capability;
multi-core processors; multi-core processors with soft-
ware multithread execution capability; multi-core pro-
cessors with hardware multithread technology; vector
processors; pipeline processors; parallel platforms;
and parallel platforms with distributed shared memory.
Additionally, a processor can refer to an integrated cir-
cuit, an application specific integrated circuit (ASIC), a
digital signal processor (DSP), a field programmable
gate array (FPGA), a programmable logic controller
(PLC), a complex programmable logic device (CPLD),
a state machine, discrete gate or transistor logic, dis-
crete hardware components, or any combination there-
of designed to perform the functions described herein.
Processors can exploit nano-scale architectures such
as, but not limited to, molecular and quantum-dot
based transistors, switches and gates, in order to opti-
mize space usage or enhance performance of user
equipment. A processor may also be implemented as
a combination of computing processing units. For ex-
ample, a processor may be implemented as one or
more processors together, tightly coupled, loosely
coupled, or remotely located from each other. Multiple
processing chips or multiple devices may share the
performance of one or more functions described here-
in, and similarly, storage may be effected across a plur-
ality of devices.

[0024] As an overview, various arrangements are de-
scribed herein. For simplicity of explanation, the meth-
ods are depicted and described as a series of steps or
actions. It is to be understood and appreciated that the
various arrangements are not limited by the actions
illustrated and/or by the order of actions. For example,
actions can occur in various orders and/or concurrently,
and with other actions not presented or described here-
in. Furthermore, not all illustrated actions may be re-
quired to implement the methods. In addition, the meth-
ods could alternatively be represented as a series of
interrelated states via a state diagram or events. Addi-
tionally, the methods described hereafter are capable
of being stored on an article of manufacture (e.g., a
machine-readable storage medium) to facilitate trans-
porting and transferring such methodologies to compu-
ters.

[0025] With reference to FIG. 1, the system and
method of the present teachings rely on incoming data
to improve model predictions for relatively rare fea-
tures. The system and method of the present teachings
can apply to any dataset, whether it be collected and
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stored, generated artificially, or collected and assessed
in real time. For example, data can be collected by a
moving vehicle, a sensor mounted on a ftraffic light,
sensors embedded in road features, or sensors
mounted on drones, among other collection means.
The moving vehicle can be manually operated or
autonomous, or a combination of the two. In an aspect,
the data that is collected in real time can be used to
navigate the vehicle while it is being used to improve
model predictions. The sensors can include cameras
producing image data, short- or long-range. Data from
other sensors such as, for example, but not limited to,
LIDAR, radar, and ultrasonic sensors, when converted
to image data, can be used to generate data suitable
for examination by the system of the present teachings.
In at least one arrangement, an autonomous vehicle
10, or bot 10, may include a body 12 supported and
movable by a plurality of wheels 14. At least one of the
plurality of wheels 14 may be a caster wheel, as would
be readily appreciated by one skilled in the art, to en-
able the bot 10 to more effectively traverse various ter-
rains. The body 12 may include at least one sensor 16
that may receive data about the environment proximate
to the bot 10. The at least one sensor 16 may be con-
figured to receive any of at least optical, infrared, LI-
DAR, radar, ultrasonic, or other relevant forms of data
about the environment around the bot 10. The body 12
may include at least one processor 18 housed therein
and coupled to the at least one sensor 16 so as to
receive and process data from the at least one sensor
16, and to use the processed data to direct the bot 10
to navigate in accordance with the environment around
the bot 10. The at least one processor 18 may include,
and/or may execute, a machine learning engine 20 to
assist in recognizing and classifying or categorizing re-
ceived image data about the environment around the
bot 10. Sensors 16 can be positioned to provide all
sorts of data that could be of use in traffic management.
Those data could also be accessed to improve a ma-
chine learning model’s prediction capability. For exam-
ple, sensors 16 can be positioned on traffic pole 27, or
embedded in features 23 of roadway 25.

[0026] Referring now to FIG. 2, system 60 for improv-
ing the prediction capability of a machine learning mod-
el for relatively rare features can include one or more
processors that can execute instructions to implement
the data processing necessary to create data that can
be used to train the machine learning model. System
60 of the present teachings includes at least one pro-
cessor executing instructions to receive data, predict
the probabilities of classifications of the data, assess
the total number of predictions in each classification,
filter the predictions and assess the number of predic-
tions in each classification in the filtered predictions,
and use the comparisons of the assessments to select
data to train a machine learning model. System 60 can
include, but is not limited to including, machine learning
model 53 receiving data 51 and generating prediction
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probability matrix 55. As described herein, data 51 can
include many forms of sensor data gathered in any of
several ways by any of several sensor types. Machine
learning model 53 can include models that are known
to those of skill and may include, as non-limiting and
non-exhaustive examples, clustering, dimensionality
reduction, ensemble methods, neural nets (e.g., convo-
lutional neural network models) and deep learning,
transfer learning, reinforcement learning, natural lan-
guage processing, and word embeddings. Many suita-
ble techniques for object detection and recognition
would be readily appreciated by one of skill in the art,
including, by way of non-limiting example, Region-
based Convolutional Neural Network (R-CNN), Fast R-
CNN, Faster R-CNN, Region-based Fully Convolu-
tional Network (R-FCN), Histogram of Oriented Gradi-
ents (HOG), Single Shot Detector (SSD), Spatial Pyra-
mid Pooling (SPP-net), and You Only Look Once
(YOLO).

[0027] Continuing to refer to FIG. 2, machine learning
model 53 can include instructions to create prediction
probability matrix 55. Machine learning model 53 can
include a machine learning pipeline that may generally
include at least two operations performed in sequence,
the first operation being feature extraction from data 51
and the second operation being classification. Feature
extraction may involve some number of convolution,
activation, and pooling functions for each layer of an
artificial neural network. A convolution function may
use information from adjacent pixels to down-sample
the image into features. Prediction layers may then be
used to predict target values. Convolution generally in-
volves sliding a kernel matrix across image data, one or
more pixel(s) at a time, and generating dot products in
each cell of a feature matrix to define an extracted fea-
ture. Those of skill would understand that suitable tech-
niques other than convolution may be used for feature
extraction. Activation may be used to introduce non-
linearity into machine learning model 53. Activation
may be performed after one or more of the convolution
stages. Activation may be performed prior to pooling or
subsequent to pooling. Activation may be performed
using any of various known functions such as, by way
of non-limiting examples, Rectified Linear Unit (ReLU),
Sigmoid, or Tanh. ReLU is a piecewise linear function
that outputs values that are positive and otherwise out-
puts zero. Pooling may be used to reduce spatial size
of convolved feature matrices. Pooling may include, as
examples, max pooling or average pooling. Max pool-
ing reduces the size of an image by down sampling.
For example, in a typical convolutional network, the
height and width of an image gradually reduces (down
sampling, because of pooling), which helps the filters in
deeper layers to focus on a larger receptive field (con-
text). However the number of channels/depth (number
of filters used) gradually increases, which helps to ex-
tract more complex features from the image. With down
sampling, a model (e.g., the U-Net algorithm) may bet-
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ter understand what is present in an image, but may
lose the information of where it is present (hence the
need, also, for up-sampling). Pooling functions may op-
erate similarly to convolution, but a maximum value of
the image region overlapped by the kernel (or an aver-
age value of the image region overlapped by the ker-
nel) is taken, rather than a dot product. One skilled in
the art would appreciate that suitable architectures
other than sliding window convolutional networks may
be used including, for example, but not limited to, the
publicly available U-Net deep learning architecture for
semantic segmentation. The U-Net algorithm is a con-
volutional network architecture for fast and precise seg-
mentation of images, which has outperformed methods
such as sliding-window convolutional networks. In
some arrangements a U-Net neural network architec-
ture may be used in which a contracting path deploying
multiple convolution, ReLU activation, and max pooling
actions may be used to reduce spatial information while
feature information is generated, and an expanding
path may be used to up-sample the spatial information
and the feature information, ultimately generating out-
put predictions.

[0028] Continuing to refer to FIG. 2, as those of skill
in the art would understand, a static machine learning
pipeline generally operates on a large dataset. The
large dataset may be subsampled and annotated, and
then used to train the machine learning model. In at
least some arrangements, data may be collected from
a route taken, or to be taken, by an autonomous vehicle
or a bot. The collected data may then be labeled and
used to train a machine learning module for execution
by a processor housed in the bot. In contrast, a dy-
namic machine learning pipeline may require less
supervision to train. Rather than using a random subset
of collected data, or collecting random data, an algorith-
mic component may be appended in the training pipe-
line to help a human operator, or a machine, to judi-
ciously select specific examples, and thereby reduce
effort. As the machine learning engine begins to build
up a model of how to predict, the machine learning
engine may engage in uncertainty estimation by, e.g.,
flagging certain cases about which it is uncertain. In
some arrangements, for example, for surface detection
a softmax mean may be calculated for each image, or
additionally or in the alternative for each class of image
having a threshold degree of significance or importance
to the bot (e.g., a curb), and if the score for any image
falls into a range of interest, the range of interest cover-
ing cases in which the model becomes unsure of its
prediction, that image may be provided to an annota-
tion entity for annotating. Those of skill would appreci-
ate that there are companies that provide such data
annotation services. The annotated data may then be
used to train the machine learning engine. As the "an-
notate and train" cycle is iterated, error rate for predic-
tions may begin to decrease. Training with examples
about which the machine learning engine is unsure,
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rather than using examples that the machine learning
engine understands, may decrease the prediction error
rate exponentially, enabling optimized (as may be de-
fined by a threshold) classification at reduced cost (i.e.,
using significantly less human or machine supervision).
[0029] Continuing to refer to FIG. 2, in some arrange-
ments, for example in situations in which multiple re-
dundant sources of data are available (such as, e.g.,
when multiple classification models are used, for exam-
ple a neural network based classification model and a
deterministic classification model), a disagreement-
based active learning approach may be deployed. For
example, image data from each source for which there
are disagreements in classifications of certain images
in the data may be retained. Images for which there is
repeated disagreement may be annotated and then the
machine learning engine may be retrained using the
annotated data.

[0030] Continuing to refer to FIG. 2, in at least one
arrangement, efficiency of training for a deep learning
model that helps navigate an autonomous vehicle or a
bot may be improved. Training data helps the deep
learning model correctly interpret and classify each im-
age it receives. Each image includes pixel data. In
some arrangements, classification may be done at a
pixel level rather than at an image level. As an exam-
ple, for a route taken or to be taken by a bot, pixels may
be classified as Background, Drivable, Enhanced Dri-
vable (e.g., grass), Undrivable (e.g., posts, people),
and Discontinuous Surface Feature (DSF) (e.g., curbs).
DSF pixels may comprise approximately 2% of any set
of data images. In some arrangements an active learn-
ing approach to training may be deployed wherein the
deep learning model is trained only with data that is
uncertain to some predefined uncertainty threshold or
within some predefined range of uncertainty. Images
including sufficiently uncertain pixel data may be sent
to an annotation entity for annotation. Additionally or in
the alternative, annotation may occur in real time as
sufficiently uncertain pixels are encountered. In some
arrangements classifications may be captured for only
a part of an image, for example, the part of the image
closest to the bot, as illustrated in FIG. 3. As those of
skill would appreciate, part 203 (FIG. 3) of image 205
(FIG. 3) includes a depiction of the space that is rela-
tively closest to a vertical standing bot. In an arrange-
ment, classifications may be captured for only the clo-
sest two-fifths of each image, for example. It would be
understood by those of skill that the fraction of an im-
age for which data are captured may vary based at
least on the height of the bot, and possibly other fac-
tors, and may be a tunable parameter, or hyperpara-
meter.

[0031] Continuing to refer to FIG. 2, various criteria
can be used to filter the values of prediction probability
matrix 55. For example, matrix elements 55 can include
values that are functions of the probabilities of classifi-
cation of the data. Matrix elements 55 can be subjected
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to filtering such as eliminating negative values, normal-
izing the values, and cropping the data. Activation func-
tions as discussed herein can be used for eliminating
negative values and normalizing the dataset. Data can
be cropped according to desired criteria. For example,
the range, accuracy, and field of view of the sensors
can be used to crop the data to achieve gathering the
most appropriate data for the desired outcome. In one
example, the relatively rare features can include dis-
continuous surface features. In this case, sensors from
which to gather data can be limited to those that gather
surface data, and the data can be cropped to eliminate
data that don’t feature the surface, or that are farther
than a pre-selected distance from the sensor. For ex-
ample, FIG. 3 illustrates data cropping in which
cropped percentage 201 (FIG. 3) of sensor data 205
(FIG. 3) (an image from a camera, for example) are
cropped out because the sensor is closer to uncropped
percentage 203 (FIG. 3), and therefore likely to be
more reliable than cropped percentage 201 (FIG. 3).
The filtered data can be subjected to evaluation. For
example, a first parameter, A, can be computed by
summing 57 filtered matrix values for each classifica-
tion. Likewise, a second parameter, B, can be com-
puted by summing 59 filtered matrix values within a
pre-selected value range, for each classification. Other
functions can be applied to filtered matrix values, de-
pending upon the desired outcome. Parameters A and
B can be used to filter data 51 to provide to a machine
learning model a set of relatively rare data for training
63. For example, the ratio 61 of A to B can be used,
along with other criteria, to decide which data are to be
provided to train the model on relatively rare features.
In some configurations, those data can be provided to
machine learning model 53, so that machine learning
model 53 can quickly improve. In some configurations,
the improved model can be used for navigation as it
improves.

[0032] Referring now to FIGs. 4A-4C, to illustrate the
matrix values for exemplary classifications for a curb
feature, depicted are examples of ground truth images,
model predictions, and their comparison. FIG. 4A is the
actual ground truth classification provided by an anno-
tation vendor for training a machine learning model on
semantic segmentation tasks for road surfaces. In the
example, the red part of the image depicts non-drivable
surfaces, the green part of the image depicts a stan-
dard drivable surface, and the grey part of the image
depicts a discontinuous surface feature. FIG. 4B illus-
trates the machine learning model’s prediction of the
image of FIG. 4A. FIG. 4C illustrates the contention
between the ground truth and the prediction labels.
Blue parts of this image illustrate pixels that were cor-
rectly classified, while yellow parts illustrate pixels that
were wrongly classified. The machine learning model
needs to have more data on the relatively rare features
in the image that are wrongly classified. The system of
the present teachings can provide the relatively rare

10

15

20

25

30

35

40

45

50

55

data to train the model.

[0033] FIG. 5 illustrates an example of what a filtered
result for the image in FIGs. 4A-4C could look like. In
the example, the class probability for each vector ele-
ment is set to 1 where the model predicts the pixel
classification with 100% certainty. Metal grate 643
(FIG. 4C) and discontinuous surface feature 645 (FIG.
4C), for example, non-drivable areas, are shown in the
matrices of FIG. 5 as having <100% certainty of their
classification. With respect to metal grate 643 (FIG.
4C), the system and machine learning model of the
present teachings has decided that, with about a 50%
average certainty, metal grate 643 (FIG. 4C) is a non-
drivable surface, about a 30% average certainty that
metal grate 643 (FIG. 4C) is a standard drivable sur-
face, about a 15% average certainty that metal grate
643 (FIG. 4C) is an enhanced drivable surface, and
about a 25% average certainty that metal grate 643
(FIG. 4C) is a curb. If the filtering includes selecting
data with matrix values between 0.4 and 0.7, the non-
drivable classification for metal grate 643 (FIG. 4C) in-
clude such data and would be selected to provide to the
machine learning model. With respect to discontinuous
surface feature (DSF) 645 (FIG. 4C), the system and
machine learning model of the present teachings has
decided that, with about a 57% average certainty, DSF
645 (FIG. 4C) is a standard drivable surface, and about
a 43% average certainty that DSF 645 (FIG. 4C) is a
curb. If the filtering includes selecting data with matrix
values between 0.4 and 0.7, the standard drivable and
the curb classifications for DSF 645 (FIG. 4C) include
such data and would be selected to provide to the ma-
chine learning model.

[0034] Referring now to FIG. 6, in at least one ar-
rangement, a machine learning model for an autono-
mous vehicle or a bot may estimate uncertainty about
the classification of images, and/or about the classifica-
tion of at least one pixel within any such image, in im-
age data about the environment proximate the bot. A
surface detection model may be implemented with a
semantic segmentation engine that may classify each
pixel of a camera image into various classifications in-
cluding, in one non-limiting example, the following clas-
sifications: Background, Bot Standard Drivable, Bot En-
hanced Drivable, Bot Non Drivable, and DSF. In an ar-
rangement the semantic segmentation model may be a
U-Net model. The model may learn a reduced repre-
sentation of an image via at least one down-sampling
path through a neural network, while also preserving
localized information about desired properties via at
least one up-sampling path with skip connections
through the neural network. An up-sampling path may
be used to make a prediction of the image/pixel classi-
fication for unclassified images provided to the model.
[0035] Continuing to refer to FIG. 6, various perfor-
mance measures for a segmentation engine may be
used such as, by way of non-limiting example, Intersec-
tion over Union (loU), or Jaccard Index. An loU score
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may take into account false positives and/or false ne-
gatives for each classification, and thereby facilitate ac-
curate reporting for imbalanced classes. Class imbal-
ance occurs when the total number of images of one
class of data is far less than the total number images of
another class of data. While a limitation of the loU me-
tric is that accuracy of the classification boundaries is
not reported, the loU metric is nevertheless a com-
monly used performance measure.

[0036] Continuing to still further refer to FIG. 6, cam-
era images, as a non-limiting example short-range
camera images, may include road surfaces. A large
batch of road image data may have resultant classifica-
tions such that drivable areas comprise close to 80% of
the images and DSFs may constitute roughly 2% of the
images, and thus there could be an inherent bias in the
machine learning classifier, and bad classification of
the minority class, i.e. the DSFs. In other words, be-
cause a machine learning model sees significantly
more Drivable pixels than DSF pixels, the machine
learning model is better able to recognize and accu-
rately classify Drivable image data than it is DSF image
data. Non-Drivable areas and Enhanced Drivable areas
may each constitute on the order of 10% of the images.
Performance of a machine learning model on less pre-
sented classes (for example DSFs), may be improved
by focusing data collection on obtaining more samples
of the under-represented class and fine-tuning training
of the model on this data. Under-represented features
such as, e.g., DSFs (e.g., curbs), may not be as reliably
classified as other features that are relatively more pre-
valent in images, so the under-represented features (as
a non-limiting example, DSFs) may be provided to a
representation learning model that learns the represen-
tation of data without having a pre-prepared list of fea-
tures to work from.

[0037] Continuing to refer to FIG. 6, described herein
is a technique that evaluates the reliability of classifica-
tion predictions, and based on such evaluations, saves
under-represented data that a machine learning model
needs to be trained on to improve its prediction capabil-
ities. The technique may be useful for interpreting the
trustworthiness of machine learning models in many
applications. Employing the technique to enhance trust-
worthiness may be especially critical in a data-driven,
active learning setting wherein a goal may be to
achieve a certain threshold accuracy level with mini-
mum labeling effort. In such settings a machine learn-
ing model may learn to select the most informative un-
labeled samples for annotation based on the technique
of the present teachings. Highly uncertain predictions
may be assumed to be more informative for improving
performance of a machine learning model. The system
of the present teachings may therefore be designed to
obtain data that a machine learning model does not
understand (i.e., does not correctly interpret or classify)
and train the machine learning model only on the ob-
tained data. Such a system may attempt to find a level
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of uncertainty in the segmentation model predictions
and determine the features in the input that affected
the predictions.

[0038] Continuing to refer to FIG. 6, as those of skill
would understand, deep learning models are a type of
machine learning model that is based on artificial neur-
al networks. When deploying a deep learning model, it
may be useful to determine whether high-level features
are being learned by the model, whether the model is
correct for the right reasons, and whether the model is
able to capture "expected features." In classical ma-
chine learning models, as opposed to deep learning
models, a feature may be understood to be the specifi-
cation of an attribute and of a value of that attribute. For
example, "color" is an attribute; "color is blue" is a fea-
ture. As would be readily appreciated by one skilled in
the art, there are various transformations to a set of
attributes that leave the set of features unchanged.
Non-limiting examples include regrouping attribute va-
lues and transforming multi-valued attributes to binary
attributes. Classical machine learning models generally
rely on feature engineering during the pre-processing
phase of the modeling. In a computer vision task, for
example detecting buildings in an image, features con-
sidered in classical machine learning may include but
not be limited to at least some of the following: Pixel
Color (e.g., RGB); Histogram of Oriented Gradients
(HOG); Scale-Invariant Feature Transform (SIFT);
Bag-of-Visual-words (BOV); Textons (e.g., corner de-
tector, edge detector); and/or Pixel values transformed
via some dimensionality reduction method. Those of
skill would know how to derive the given feature and its
semantic representation. Deep learning generally in-
volves taking a different approach called representation
learning. One of skill would appreciate that representa-
tion learning involves reasoning based on the data, de-
fining architectures of models that learn the representa-
tion of the data. In contrast to predefining features that
describe the data, "raw," or minimally pre-processed
data is provided to the deep learning model. An expec-
tation is that the deep learning model will learn a repre-
sentation of the data that may not be known a priori and
may not be explicitly associated with semantic con-
cepts.

[0039] Continuing to refer to FIG. 6, in at least one
arrangement, the system may perform the technique of
the present teachings using a short-range U-Net seg-
mentation model operating on raw, unlabeled images.
The system may also save depth visualization images
generated from raw, 1 channel depth images. In some
arrangements the system may be scripted using the
Python computer program. Those skilled in the art
would appreciate that other suitable computer pro-
grams may be used. A configuration file may be used
to compile the input settings needed for the instructions
implementing the system to be run. The configuration
file may contain paths to unlabeled RGB and depth
images, a machine learning model checkpoint (for ex-
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ample, a file of weights to be applied to various data),
directory paths where results may be stored, and hy-
perparameters for tuning the system. In an arrange-
ment wherein the Python computer program is used, a
Python file may be created to perform the system’s in-
structions on raw images, separate the raw images into
priority images and normal images, and compute depth
visualizations on the priority images and the normal
images. The depth visualizations may be computed in
a parallel manner using more than one, or even all,
cores of the central processing unit (CPU). Other files
may include machine learning model architecture
scripts, helper functions, etc.

[0040] Continuing to refer to FIG. 6, in at least one
arrangement, the system may execute in real time, pre-
dicting the uncertainty of the classification of each
frame in a camera image, as follows. A raw RGB image
is fed to a trained U-Net model as input, and the model
generates un-normalized prediction probabilities (called
"logits") of the classification prediction. Such un-nor-
malized values may be unrestricted in magnitude,
whether positive or negative. Activation functions, such
as those well-known in the art, for example, but not
limited to, binary, linear, sigmoid, tanh, reLU, softplus,
softsign, softmax, and swish, define the output given an
input of a neuron/node to a next layer of a neural net-
work. Because the un-normalized values can include
negative numbers, an activation function can be ap-
plied to the values to convert all values to non-negative
numbers. Another activation function can normalize the
prediction probabilities such that each prediction prob-
ability takes on a value between 0 and 1. Other activa-
tion functions can be applied to the data depending
upon the desired format of the matrix values. The U-
Net classification output may be in the form of Channel
x Height x Width, wherein Channel can have one of, for
example, but not limited to, five values (or classification
labels): Background, Non-Drivable (e.g., an obstacle),
Standard Drivable, Enhanced Drivable (e.g., grass),
and DSF (e.g., curbs). Each of the semantic labels is
assigned a value, and a 5 channel matrix, or NumPy
array, is generated. As those of skill would understand,
NumPy is a library of array processing routines used by
Python computer programs. The probabilities assigned
to each classification label may be based at least in
part on analysis of a dataset provided to the machine
learning model. In some arrangements, a fraction of the
softmax NumPy array may be cropped, so that the fo-
cus is only on the uncropped fraction of a given image.
Cropping can be performed for a variety of reasons.
For example, in an arrangement, the fraction cropped
can be 3/5 of the softmax NumPy array that represents
the area that is farthest from the bot, with the focus
being on the remaining (closest to the bot) 2/5 of the
array. Such cropping may be useful to remove any out-
lier predictions that would happen based on data from
beyond a pre-selected distance from the short-range
cameras. The fraction cropped need not be limited to

10

15

20

25

30

35

40

45

50

55

any value, being dependent on the desired prediction
accuracy at a given distance from the camera. The
fraction cropped may be a tunable value, or hyperpara-
meter. Model prediction values that are deemed uncer-
tain may comprise a linspace (an evenly spaced se-
quence in an interval), defined by Start = 0.4 and End
= 0.7, with Interval = 0.05, for predictions per channel.
As those of skill would understand, a linspace is a func-
tion in the NumPy library. Normalized prediction prob-
ability values for each pixel may be between 0 and 1,
and may take on values in intervals of 0.05 (i.e., O,
0.05. 0.1, 0.15, ..., 0.95, 1). Pixels with normalized pre-
diction probabilities of, for example, but not limited to,
between a lower bound and an upper bound, possibly
inclusive of the endpoints, are deemed sufficiently un-
certain. For example, the lower bound can equal 0.4
and the upper bound can equal 0.7. The selected range
of prediction probabilities need not be limited to a win-
dow of 0.4 to 0.7, nor be inclusive of either or both end-
points. The selected range of prediction probabilities
may depend at least in part on the bias of the machine
learning model in which the model produces results
that are systematically prejudiced. The range of predic-
tion probabilities may be a tunable range, or hyperpara-
meter. Probabilities above the prediction probabilities
range may not be sufficiently uncertain, and probabil-
ities below the prediction probabilities range may leave
a greater probability range than desired for other (e.g.,
more represented) classification labels. The model iter-
ates through each pixel in the selected part of the im-
age, taking maximum probability ("argmax") of the pix-
el. If the maximum probability (i.e., the argmax predic-
tion) falls in the range of prediction probabilities, the
channel index (representing the prediction class label)
and the prediction probability value are saved. The pro-
cess is repeated for each pixel in the image. For all
pixels having prediction probability values that fall in
the prediction probability range, a pixel count is per-
formed for all classification labels. The pixel count for
each classification label is the number of pixels in the
selected image that belong to the classification label.
For each of the five classification labels, an uncertainty
ratio is calculated by dividing the pixel count for that
classification label by the total number of pixels having
the classification label. The images having associated
uncertainty ratio and classification label count may then
be filtered (i.e., sifted through) and saved according to
predefined hyperparameter. By way of non-limiting ex-
ample, images that have an uncertainty ratio > 0.4 for
the DSF classification label and a total number of pixels
classified as DSF > 1500 may be saved. Filtering ac-
cording to metrics enables selecting the data that can
be used to train the machine learning model on the
priority failure cases. Height and Width may refer to a
size of an image in the U-Net algorithm.

[0041] Continuing to refer to FIG. 6, saved data that
fall within a predefined range of uncertainty ratios, or
above a threshold uncertainty ratio value, may there-
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after be used to train a machine learning model. Addi-
tionally or in the alternative, such saved data may be
used by a machine learning model to make inferences
about images the machine learning model receives.
[0042] Continuing to refer to FIG. 6, in at least one
arrangement, the system of the present teachings may
be executed in accordance with the actions shown in
FIG. 6. Although the following description and FIG. 6
refer specifically to an image, any data can be pro-
cessed by the system of the present teachings. The
system is not limited to processing image data. With
reference to FIG. 6, a processor having a receiver re-
ceives a raw RGB image and passes the image to a
machine learning segmentation model executing in the
processor in action 100. Control flow proceeds to action
102. In action 102, a portion of the image is selected for
further processing. In some arrangements, the portion
selected for further processing can include the portion
of the image that is closest to the receiver. In some
arrangements, the selected portion can coincide with a
ratio of the image such as, for example, but not limited
to, 2/5 of the image. Control flow proceeds to action
104, in which the model generates a set of prediction
probability values for each pixel in the selected portion,
in some arrangements applying a softmax function to
generate an array of normalized prediction probability
values (i.e., a set of prediction probability values each
having a value between 0 and 1), the array in some
arrangements being a 3D matrix with dimensions
Channel, Height, and Width, wherein the Channel may
take one of five classification labels: Background, Non-
Drivable, Standard Drivable, Enhanced Drivable, and
DSF, such that each of the five classification labels is
assigned a prediction probability for each pixel in the
array, which in some arrangements may be a NumPy
array. Control flow proceeds to action 106, in which the
model iterates through each pixel in the selected por-
tion of the image, taking the maximum probability (for
example with an argmax function) of each pixel. Control
flow proceeds to action 108, in which it is determined
for each pixel whether the maximum probability falls in
a pre-selected range of uncertainty (e.g., 0.4 to 0.7),
and the count of the number of pixels falling in that
range for each classification. Control flow then pro-
ceeds to action 110. In action 110, for each classifica-
tion, an uncertainty ratio is computed by dividing the
count for each classification label in the pre-selected
range by the total number of pixels for that classifica-
tion in the cropped image. Control flow proceeds to
action 112, in which images meeting pre-selected cri-
teria based at least on the uncertainty ratio are used to
train the machine learning model. The criteria can in-
clude, for example, a classification having a pre-se-
lected threshold (for example, 0.4) for uncertainty ratio
and, for example, a total number of pixels greater than
another pre-selected threshold (for example, 1500).
The criteria thresholds can be tunable.

[0043] In at least one arrangement, depth visualiza-
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tion may include conversion from 2D to 3D in order to
facilitate annotation, e.g., in the event different terrains
in an image are the same color (for example, road and
sidewalk may both be red). In an arrangement, a depth
image may be a 1 channel image containing the depth
information per RGB pixel. In an arrangement a ma-
chine learning model may take as input the depth im-
age and the camera position (e.g., left, center, right)
and convert the depth pixels from the depth image from
millimeters to meters for pixel depth values less than
7,000 mm, and may then de-project the depth pixel
values from 2D to 3D x,y,z co-ordinates (z representing
depth) for each pixel in a camera frame using para-
meters intrinsic to the particular camera. In an arrange-
ment the de-projected pixels in the camera coordinate
frame may be passed through a transform function to
transform the de-projected pixels to a baselink coordi-
nate frame for an autonomous vehicle or a bot. By way
of non-limiting example, a baselink coordinate frame
may be a frame of reference projecting from between
rear tires of an autonomous vehicle or bot. The trans-
form function may receive rotation and camera trans-
forms, and use the received values to generate depth
values, z, in the baselink frame.

[0044] Those of skill in the art would understand that
information and signals may be represented using any
of a variety of different existing techniques. For exam-
ple, data, instructions, commands, information, signals,
bits, symbols, or chips that may be referenced through-
out the description may be represented by voltages,
currents, electromagnetic waves, magnetic fields or
particles, optical fields or particles, ultrasonic waves,
projected capacitance, or any combination thereof.
[0045] Those of skill would further appreciate that the
various illustrative logical blocks, modules, circuits, and
method steps described in connection with the arrange-
ments disclosed herein may be implemented as elec-
tronic hardware, computer software, or combinations of
both. To clearly illustrate this interchangeability of hard-
ware and software, various illustrative components,
blocks, modules, circuits, and steps have been de-
scribed in terms of their functionality. Whether such
functionality is implemented as hardware or software
depends upon the particular application and design
constraints imposed on the overall system. Skilled arti-
sans may implement the described functionality in vary-
ing ways for each particular application, but such imple-
mentation decisions should not be interpreted as caus-
ing a departure from the scope of the appended claims.
[0046] The various illustrative logical blocks, mod-
ules, and circuits described in connection with the ar-
rangements disclosed herein may be implemented or
performed with a general purpose processor, a digital
signal processor (DSP), an application specific inte-
grated circuit (ASIC), a field programmable gate array
(FPGA) or other programmable logic device, discrete
gate or transistor logic, discrete hardware components,
or any combination thereof designed to perform the



19 EP 4 826 570 A2 20

functions described herein. A general purpose proces-
sor may be a microprocessor, but in the alternative, the
processor may be any conventional processor, control-
ler, microcontroller, or state machine. A processor may
also be implemented as a combination of computing
devices, e.g., a combination of a DSP and a micropro-
cessor, a plurality of microprocessors, one or more mi-
croprocessors in conjunction with a DSP core, or any
other such configuration.

[0047] The actions of a method described in connec-
tion with the arrangements disclosed herein may be
embodied directly in hardware, in a software module
executed by a processor, or in a combination of the
two. A software module may reside in RAM memory,
flash memory, ROM memory, EPROM memory, EE-
PROM memory, registers, hard disk, a removable disk,
a CD-ROM, or any other form of storage medium
known in the art. A storage medium may be coupled to
the processor such that the processor can read infor-
mation from, and write information to, the storage med-
ium. In the alternative, the storage medium may be in-
tegral to the processor. The processor and the storage
medium may reside in an ASIC. The ASIC may reside
in functional equipment such as, e.g., a computer, a
robot, a user terminal, a mobile telephone or tablet, a
car, or an IP camera. In the alternative, the processor
and the storage medium may reside as discrete com-
ponents in such functional equipment.

[0048] The above description is not intended to be
exhaustive or to limit the features to the precise forms
disclosed. Various alternatives and modifications can
be devised by those skilled in the art without departing
from the disclosure, and the generic principles defined
herein may be applied to other aspects without depart-
ing from the spirit or scope of the appended claims.
Accordingly, the present disclosure is intended to em-
brace all such alternatives, modifications and var-
iances. Additionally, while several arrangements of the
present disclosure have been shown in the drawings
and/or discussed herein, it is not intended that the dis-
closure be limited thereto, as it is intended that the dis-
closure be as broad in scope as the art will allow and
that the specification be read likewise. Therefore, the
above description should not be construed as limiting,
but merely as examples of particular configurations.
And those skilled in the art will envision other modifica-
tions within the scope and spirit of the claims appended
hereto. Other elements, steps, actions, methods, and
techniques that are not substantially different from
those described above and/or in the appended claims
are also intended to be within the scope of the disclo-
sure. Thus, the appended claims are not intended to be
limited to the arrangements shown and described here-
in, but are to be accorded the broadest scope consis-
tent with the principles and novel features disclosed
herein.

[0049] The arrangements shown in drawings are pre-
sented only to demonstrate certain examples of the
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disclosure. And, the drawings described are merely il-
lustrative and are non- limiting. In the drawings, for
illustrative purposes, the size of some of the elements
may be exaggerated and not drawn to a particular
scale. Additionally, elements shown within the drawings
that have the same numbers may be identical elements
or may be similar elements, depending on the context.
[0050] Where the term "comprising" is used in the
present description and claims, it doesnot exclude
other elements or steps. Where an indefinite or definite
article is used when referringto a singular noun, e.g. "a"
"an" or "the", this includes a plural of that noun unless
something otherwise is specifically stated. Hence, the
term "comprising" should not be interpreted as being
restricted to the items listed thereafter; it does not ex-
clude other elements or steps, and so the scope of the
expression "a device comprising items A and B" should
not be limited to devices consisting only of components
A and B. Furthermore, to the extent that the terms "in-
cludes," "has," "possesses," and the like are used in
the present description and claims, such terms are in-
tended to be inclusive in a manner similar to the term
"comprising," as "comprising" is interpreted when em-
ployed as a transitional word in a claim.

[0051] Furthermore, the terms "first", "second", "third"
and the like, whether used in thedescription or in the
claims, are provided to distinguish between similar ele-
ments and not necessarily to describe a sequential or
chronological order. It is to be understood that the
terms so used are interchangeable under appropriate
circumstances (unless clearly disclosed otherwise)and
that the aspects of the disclosure described herein are
capable of operation in other sequences and/or ar-
rangements than are described or illustrated herein.
[0052] The present application is a divisional applica-
tion originating from EP 22840518.9. EP22840518.9
originates from PCT/US2022/080308. The original
claims of PCT/US2022/080308 are presented as state-
ments below so that the subject-matter of those 16
claims is included in its entirety in the present applica-
tion.

Statement 1. A method of improving recognition of
preselected categories of features while autono-
mously driving, comprising:

determining which of the preselected cate-
gories a machine learning model fails to accu-
rately predict;

collecting sensor data associated with the pre-
selected categories; and

training the machine learning model to recog-
nize the preselected categories based at least
on training data derived from the collected
sensor data.

Statement 2. The method of statement 1, wherein
the determining comprises computing uncertainty
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data associated with the collected sensor data and
identifying the preselected categories based on at
least a part of the computed uncertainty data.

Statement 3. The method of statement 1 further
comprising:

feeding at least some of the collected sensor
data into the machine learning model,
receiving unnormalized predictions of the pre-
selected categories from the machine learning
model;

normalizing the unnormalized predictions;
generating an array of elements that repre-
sents the normalized predictions, cropping ar-
ray

the array;

determining a maximum probability for
each of the preselected categories for
each element of the array;

storing identifiers associated with each of
the array elements having the maximum
probability within a preselected range of
probabilities;

defining, for each of the preselected cate-
gories, normalized elements having values
within the maximum probability within the pre-
selected range of probabilities as uncertainty
data for one of the preselected categories;
computing an uncertainty ratio of the uncer-
tainty data for each of the preselected cate-
gories, the uncertainty ratio being a count of
the uncertainty data in the preselected cate-
gory divided by a total of the array elements in
the category; and

selecting the training data based at least in
part on the uncertainty ratio and the total of
the array elements for the preselected cate-
gories.

Statement 4. The method of statement 1, wherein
the training comprises real-time training of the ma-
chine learning model during the autonomous driv-

ing.

Statement 5. A method of classifying pixel data,
comprising:

establishing a plurality of classes correspond-
ing to relative degrees of terrain drivability;
acquiring an image of pixel data with a sensor,
the image having image data;

assigning, by a processor, a pixel prediction
uncertainty label to pixels that fall within a pre-

10

15

20

25

30

35

40

45

50

55

12

defined range of uncertainty; and

computing, by the processor, an uncertainty
ratio value for each of the plurality of classes,
the uncertainty ratio value being equal to a first
number of pixels in one of the plurality of
classes having an uncertainty label divided by
a total number of pixels in the one of the plur-
ality of classes.

Statement 6. The method of statement 5, further
comprising discarding a fraction of the image data
that is relatively farther away from the sensor.

Statement 7. The method of statement 6, wherein
the fraction is three-fifths.

Statement 8. The method of statement 5, further
comprising determining a maximum probability va-
lue for a depth of each pixel of the pixel data, the
assigning an uncertainty value to each of the pixels
being based on the maximum probability value.

Statement 9. The method of statement 5, further
comprising providing for machine learning training
a set of pixels having uncertainty ratio values for a
given class that fall within predefined ranges.

Statement 10. The method of statement 5, further
comprising providing for machine learning infer-
ence a set of pixels having uncertainty ratio values
for a given class that fall within predefined ranges.

Statement 11. An autonomous vehicle, comprising:

a body;

a plurality of wheels coupled to and configured
to support thebody;

at least one sensor coupled to the body; and

a processor housed in the body and coupled to
the at least one sensor, the processor config-
ured to execute a machine learning model
having been trained to recognize preselected
categories based at least in part on a subset of
data received from the at least onesensor, the
subset of data having an associated range of
prediction uncertainty.

Statement 12. The autonomous vehicle of state-
ment 11, wherein the processor is coupled to a
memory that stores the machine learning model,
the machine learning model including instructions
executable by the processor to generate unnorma-
lized predictions of the preselected categories, nor-
malize the unnormalized predictions, generate an
array of elements that represents the normalized
predictions, crop the array, determine a maximum
probability for each of the preselected categories
for each array element of the array, store identifiers
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associated with each of the array elements having
the maximum probability within a preselected
range of probabilities, define, foreach of the prese-
lected categories, normalized elements having va-
lues within the maximum probability within the pre-
selected range of probabilities as uncertainty data
for one of the preselected categories, compute an
uncertainty ratio of the uncertainty data for each of
the preselected categories, the uncertainty ratio
being a count of the uncertainty data in the prese-
lected category divided by a total of the array ele-
ments in the category, and select the training data
based at least in part on the uncertainty ratio and
the total of the array elements for the preselected
categories.

Statement 13. An autonomous vehicle, comprising:
a body;

a plurality of wheels coupled to and configured
to support thebody;

at least one sensor coupled to the body; and

a processor housed in the body and coupled to
the at least one sensor, the processor config-
ured to receive image data from the at least
one sensor, the image data including a first
plurality of pixels, the processor further config-
ured to execute a machine learning model to
recognize and assign pixels of the first plurality
of pixels to preselected terrain drivability
classes, the machine learning model having
been trained with a second plurality of pixels
of an under-represented terrain drivability
class having an uncertainty ratio value that
falls within a predefined uncertainty range, the
uncertainty ratio value comprising a quotient of
a number of pixels having prediction probabil-
ities that fall within the predefined uncertainty
range and a total count of the second plurality
of pixels.

Statement 14. The autonomous vehicle of state-
ment 13, wherein the processor is coupled to a
memory that stores the machine learning model,
the machine learning model including instructions
executable by the processor to discarding a frac-
tion of the image data that is relatively farther away
from the at least one sensor.

Statement 15. The autonomous vehicle of state-
ment 14, wherein the fraction is three-fifths.

Statement 16. The autonomous vehicle of state-
ment 13, wherein the processor is further config-
ured to determine a maximum probability value for
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13

a depth of each pixel of the pixel data.

Claims

A method of improving recognition of categories of
features comprising:

determining which of the categories a machine
learning model (53) fails to accurately predict;
collecting data (51) associated with the cate-
gories; and

training the machine learning model (53) to re-
cognize the categories based on training data
derived from the data (51).

The method of claim 1, wherein said determining
comprises computing uncertainty data associated
with the data (51) and identifying the categories
based on the computed uncertainty data.

The method of claim 1 or claim 2, wherein said
training comprises real-time training of the machine
learning model (53) during autonomous driving.

The method of any preceding claim, wherein the
categories comprise: terrain drivability classifica-
tions including: Background, Standard Drivable,
Enhanced Drivable, Non-Drivable, and Discontinu-
ous Surface Feature (DSF).

The method of any preceding claim, comprising:

predicting probabilities that the data (51) be-
long to each of the categories to form predic-
tions;

assessing a total number of predictions for
each category of the categories;

filtering the predictions to form filtered predic-
tions;

assessing a total number of filtered predictions
in each category; and

using comparisons of the assessments to se-
lect the training data.

The method of any preceding claim, wherein the
data (51) is collected from a route taken, or to be
taken, by an autonomous vehicle (10).

The method of any preceding claim, wherein train-
ing the machine learning model comprises:

classifying the data (51) comprising assigning
categories to the data using a plurality of clas-
sification models;

retaining data for which there are disagree-
ments between the plurality of classification
models in assigning the categories, to form re-
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tained data;

annotating the retained data to form annotated
data; and

retraining the machine learning model using

the annotated data as the training data. 5

8. The method of any preceding claim, wherein the
machine learning model comprises a semantic
segmentation model.

10
9. The method of claim 8, wherein the semantic seg-
mentation model is a U-Net model.
10. An autonomous vehicle (10), comprising:
15

a body (12);

a wheel (14) rotatably mounted on said body
(12);

a sensor (16) fixed relative to said body (12);

and 20
a processor (18) fixed relative to said body
(12) and configured to execute a machine
learning model (53) trained to recognize cate-
gories based on a subset of data received from

the sensor and having an associated range of 25
prediction uncertainty.

30

35

40

45

50

55

14



EP 4 826 570 A2

L oid

AHG0ONW TN + HOSS300dd 7

Ry Nm\

O

15



EP 4 826 570 A2

£9

ViW3LiHO

dIHLC ONY
LY 10NN

NO d3svE
VIVA HEIM
DNINIVYL

13COW

19
g/ =
ClLVY LE3IND

g = IONYY
ALNIVEIYIDNN
NI SATIVA
X1 LYIA
IeEREIRTERCY

¢ 9ld

= 58V HOV3
NISITIVA
XiH IV
24383 X

€<
XTAIVIN
dOMd

| P

e

=

<

NN

=09

16



EP 4 826 570 A2

17

FIG. 3
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